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Abstract 
The notion of a random superposition of synfire chains 
is explained, and implemented using a leaky integrator 
neuron model. Inhibitory neurons are included in the 
chain to control activity. Due to crosstalk the number 
of waves is observed to fluctuate. It is explained how 
this can be viewed as a birth/death process. It is argued 
that crosstalk will reduce a neuron's effective membrane 
time constant, thereby limiting its own accumulation 
and preventing a reduction in storage capacity. How-
ever, synchronising of waves on coupled chains is only 
observed when crosstalk is low. 

1 Introduction 
Recently there has been growing interest in the idea 
that the brain uses some form of temporal 'coding' to 
achieve its cognitive functionality. One approach be-
ing considered is that of synfire chains (and their gen-
eralizations, such as braids), in which precise timing 
relationships (accurate to "'"!.1ms) hold between spikes. 

Originally proposed by Abele8 (see e:g. [1]), a syn-
fire chain (or braid) is a set of neurons linearly or-
dered by a feedforward connectivity structure, which 
supports the propagation of a wave of spikes down the 
chain by arranging that it delivers synchronously arriv-
ing EPSP ( excitatory post-synaptic potentials) to the 
neurons which lie in its path. 

In [5], Bienenstock proposes that the cortex be 
viewed as a superposition of· synfire chains. More-
over, he suggests that higher order cognitive processes 
such as object recognition arise from the open-ended, 
recursive composition of synfire chains into compos-
ite chains. A given composite is activated wheri the 
waves on its component chains are synchronised by 
inter-chain connectivity into a single wave. (See also 
[6].) 

The present work investigates whether, and in what 
manner, Bienenstock's proposals can be realized in a 
network model that is in several ways more realistic 
than that which he uses in [5]. 

2 Fundamental Concepts 
2.1 The Cortex Viewed as a Superpo-

sition of Synfire Chains 
The connectivity of the cortex appears to have a lot 
of randomness in it. Although there are systematic 
regularities in the connectivity preferences of neurons 
grouped according to cell type and vertical and hori-
zontal locations (layers and columns), at the level of the 

single neuron the connections appear random. How-
ever, it has been proposed [5] that there may be an 
order hidden within the apparent randomness: the lin-
ear order of synfire chains. 

Suppose one is given a neural network with an appar-
ently random connectivity, represented by a directed 
graph G(V, E). This is a set V of vertices (neurons) 
and a set E = { ( Vt, v2) I Vt , v2 E V} of directed edges 
(synapses - note (v1, v2) will indicate a synapse from 
v2 to v1). However, this particular network happens 
to contain hidden order. It is in fact a superposition 
of linear orders, each of which assigns neurons to po-
sitions on an abstract real line. We find that every 
synapse ( v1, v2) in the network is present because in at 
least one of the orders, v1 has been assigned to a posi-
tion closely following a position to which v2 has been 
assigned. 

In formal terms, the k'th order is given by a set U~c of 
virtual neurons, a map tPk : U~c ~ R which orders them 
and a random map tPk : Uk ~ V which assigns to them 
real neurons. This allows that several neurons may be 
assigned to the same position, and also that a single 
neuron may be assigned to more than one position. 

The graph G(V, E) is then a union of subgraphs 
G(V, E~c) where E~c consists of all edges ( V1, v2) E E for 
which 3ul. u2 E U~c such that tPk (ut) = Vt, '1/!~c( u2) = v2 
and t/J~c(ut)-if>~c(u2) is small and positive. This is what 
we mean by a network which is a superposition of syn-
fire chains. 

In fact, we suppose that, as a neural network, each 
of these structures is capable of propagating a syn-
fire wave, where 1/J~c( u), suitably scaled and translated, 
gives the firing time of the real neuron 'f/! 1c ( u) corre-
sponding to each virtual neuron u in the structure. 

In [5] Bienenstock proposes as an idealization that 
the cortex be viewed in this manner, and gives the fol-
lowing procedure for constructing such a graph. Given 
a set of N neurons, p pools B~' (J.l = 1, ... ,p) of size 
n are selected at random from this set, 'with replace-
ment'. Then p links (B~'+l, B~') are made by creating 
synapses (i, j) for all i E BP+l, j E B~'. With J.l + 1 
taken modulo p this gives one long cyclic synfire chain. 
By omitting q of the links one gets q distinct non-cyclic 
chains, which can be thought of as the q orderings ~k 
of U~c mentioned above. 

2.2 Crosstalk 
Note firstly that these orders are overlapping: each 
neuron will probably appear in several pools, npf N, on 
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average. Secondly, in the present simple model, each 
of these orders is completely unrelated to the others: 
neurons which are appear close together in one order 
will appear at random positions elsewhere. A wave 
propagating into one pool in a chain will only cause 
an incoherent scatter of EPSPs elsewhere, so it will 
rarely cause neurons which don't appear in this pool 
to fire. However, this effect of a random superposition, 
which is termed crosstalk, is ultimately what limits the 
number of synfire links which can be included in the 
network, that is, the storage capacity of the network. 

More precisely, crosstalk arises as follows. When 
a neurvu j fires, for instance because a wave passes 
through a pool B 11 in which neuron j appears, then an 
arbitrary neuron i will receive at least one impulse from 
j ifthere exists any link (B>..+l,B>..) containing (i,j). 
For each A the probability of this is (n/N) 2 . Then 
p( n/ N)2 is the expected number of synapses from j to 
i, and assuming this is small, we can treat it as the 
probability of there being a single synapse from j to i, 
and treat the possibility of multiple synapses as negli-
gible. 

The presence of a number of waves should lead to 
a Poisson-like stream of impulses impinging on each 
neuron during the periods in between those times when 
the neuron receives a synchronous wave of inputs. A 
heuristic argument for this is as follows. Let p denote 
the total rate of activity in the network. In time 15t, 
p 15t neurons will fire. From each neuron j of these 
that fire, an arbitrary neuron i will receive an impulse 
with :t probability of approximately p(n/N)2 . Hence 
neuron i receives a stochastic stream of inputs at rate 
v = pp(n/N)2 • 

If all the activity is due to the presence of h fully-
formed synfire waves then p = nh/T, where T is the 
pool-to-pool propagation time. In this case v ex hp. 

2.3 Inclusion of Inhibitory Neurons in 
Synfire Chains 

The present work uses this structure as a starting point, 
but extends it by including inhibitory neurons into 
each pool, to stabilise activity in the network. These 
make efferent (outgoing) connections onto their own 
pool rather than the next one. 

The biological basis for this is as follows . Bienen-
stock has suggested in [4] that synfire chains will arise 
through a development mechanism based on Hebbian 
synaptic plasticity, whereby chains grow by recruiting 
neurons that receive simultaneously arriving excitatory 
inputs from the already existing structure. Now this re-
cruitment process can apply just as well to inhibitory 
neurons as to excitatory ones, even though these will 
not contribute to the propagation of the waves. 

Recruitment of neurons into synfire chains requires 
convergence of axonal ramifications into the vicinity of 
the dendritic tree of the recruited neuron. Where such 
convergence into a physical locality occurs, it is likely 
that several neurons in this locality, both excitatory 
and inhibitory, will be recruited into the chain . Hence 

the pools of a synfire chain are likely to be composed of 
sub-pools of neurons all in the same locality. Assum-
ing strong short range local inhibition, the inhibitory 
neurons in a sub-pool will tend to inhibit this sub-pool 
along with the rest of the neurons in its locality. 

A simplifed schema inspired by this line of thinking, 
but without the necessity of actually modeling spatial 
location, is for each pool in a synfire chain to include, 
along with the excitatory pool BJJ, a pool CJJ of in-
hibitory neurons chosen in the same way. We then 
make excitatory links (BJJ+l, BJJ) and (CJJ+l, BJJ) to 
the next pool, along with inhibitory links (BJJ, C~-') and 
( CJJ, CJJ) back to the current pool (excluding inhibitory 
self-connections (i,i), i E CJJ). 

In this way the inhibition has both a coherent, lo-
cal effect and a distributed effect. The local effect is 
to effectively increase the relative refractory period of 
neurons which fire as part of a wave, so that it is very 
difficult for a wave to propagate through this pool im-
mediately afterwards. 

The distributed effect is that there is now inhibitory 
crosstalk as well as excitatory crosstalk. In between 
waves, a neuron will receive random streams of both 
excitatory and inhibitory inputs , both at a rate pro-
portional to hp. 

This gives rise to conditions believed to prevail in 
the cortex, where a neuron is thought to receive a high 
rate of input, both excitatory and inhibitory, due to the 
sheer number of afferent synapses it possesses. As dis-
cussed in [3], this background activity increases the net 
conductance of the neuron and so effectively reduces its 
time constant. Even though the real membrane time 
constant may be as high as 80ms, under such condi-
tions the neuron can effectively become a coincidence 
detector, firing only when large fluctuations in the in-
put occur over short time intervals. 

The storage capacity of the system is essentially de-
termined by the distribution of the membrane potential 
set up by the crosstalk . Its mean and variance must 
be such that the bulk of the distribution is confined 
within a range which is below the firing threshold, but 
which with the addition of n synchronous inputs will 
be above the firing threshold. When this is the case 
synfire propagation is reliable, and neurons rarely fire 
except as part of a synfire wave. Consistent with [5], 
this means that the storage capacity is a limit on p not 
alone, but in conjunction with h. Roughly speaking, it 
is a limit on hp. 

3 Description of the Model 
The model used here is more realistic than the one 
initially used by Bienenstock to demonstrate his pro-
posals. 

Firstly to regulate the total activity in a straightfor-
ward manner Bienenstock used an r-winners-take-all 
mechanism where at every time step exactly r neu-
rons fire - those with the greatest potential. (Other 
authors ( eg. [7]) have used a global inhibitory mecha-
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nism to stabilise the overall level of activity.) Provided 
the storage capacity is not exceeded, this automatically 
regulates the number of waves, h, so that h = r/n. By 
contrast, in the present model which explicitly includes 
inhibitory neurons to regulate activity, the number of 
waves can fluctuate, and may or may not r€main within 
the range permitted by the storage capacity. This is 
discussed in 4.1. 

Secondly, Bienenstock used a discrete time step equal 
to the pool-to-pool propagation time (taken to be lms), 
and the neuron had no memory of its state at the previ-
ous time step. Its potential was simply the sum of the 
signals arriving from neurons that fired at the previous 
time step. · In such a model it is not possible to ver-
ify the ability of a synfire wave to propagate without 
temporal dispersion. Nor is it possible to investigate 
the process of synchronisation of waves. In the present 
model time will be 'continuous' and, being a leaky in-
tegrator, the neuron will have a memory. 

An issue the present work helps to clarify is whether 
the use of leaky integrator neurons with a membrane 
time constant of the order of tens of milliseconds will 
still allow the high storage capacity obtained in Bi-
enenstock's model to be reached.. An analysis in [7] 
suggests that an accumulation of crosstalk over time 
will increase the variance in the membrane potential, 
severely reducing storage capacity. However, by in-
troducing reversal potentials into the model, the prin-
ciple of [3] discussed above will apply: the effective 
time constant of the neuron will decrease in condi-
tions of high crosstalk, preventing the accumulation of 
crosstalk. (See Appendix.) 
3.1 The Individual Neuron Model 
The model neuron used here is a computationally effi-
cient way of implementing what is essentially a leaky 
integrate-and-fire neuron including the effects ofsynap-
tic reversal potentials and a simple notion of spatial 
extent . Time is quasi-continuous; that is, a reasonably 
fine-grained timestep such as O.lms is used. 

Rather than using a current-based approach, as is 
usual in leaky integrator models, the current injection 
at each synapse due to an arriving spike is taken as in-
stantaneous. The model still produces smoothly rising 
EPSPs, however. This is because the potential V(t) 
is taken to have two components, V0 (t) describing the 
'equalized' potential (if the effects of all past synap-
tic activity were spread evenly over the neuron), and 
V1 (t) the deviation of the potential from equalization. 
Between synaptic events, the former decays exponen-
tially according to the membrane time constant, To, 
whilst the latter decays according to a much shorter 
'equalization time constant ' , T1 . 

To register the effect of each impulse is one simply 
adds and subtracts a ~V to V0 and V1 respectively, at 
the time it arrives. This results in double exponential 
EPSPs and IPSPs of the form~ V( e-t/ro- e-t/r1 ), t > 
0. A standard choice used was To= 20ms, Tt = 1.6ms, 
giving a time to peak of about 4.5ms. 
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The effects of synaptic reversal potentials are then 
easily included, by taking ~V= Wz(Vz- V(t)), where 
x is e for excitatory or i for inhibitory synapses, Vz is 
the reversal potential and Wz is the strength of each 
type of synapse. 

Although computationally efficient, a disadvantage 
of this impulsive current approach is that it will not 
model very well synapses that use channels which have 
long open times such as GABAb inhibitory synapses. 

The model also includes a reset/refractory mecha-
nism when the neuron fires , which we will not discuss 
here. Pre-synaptic time delays and noise, in the form 
of random exitatory and inhibitory impulses, are other 
aspects of the model not discussed here. 

4 Behaviour of Model 
In a typical run, a set of waves would be initiated by 
stimulating each of a set of starting pools at a particu-
lar time with the same input it would have received had 
a wave of activity arrived from its predecessor pool. 

Depending on the parameters various effects were ob-
served. The reset and refractory mechanisms have to 
be strong enough to avoid multiple firing (or bursting) 
of neurons in response to a single wave, as this "kin-
dling" phenomenon totally disrupts the synfire wave 
mode of activity. 

The model has quite a few parameters which have 
not yet been well characterised in their effects. These 
include w0 , w,, Ve and V., which have been set to bi-
ologically plausible values which permit synfire wave 
propagation at moderately high loading in an n = 10, 
N = 5000 network. 

The main issues involved in characterising the simu-
lations are the stability of the overall level of activity 
of the network, the degree of predominance of the syn-
fire wave mode of activity, and the fluctuations in the 
number of waves present, due to births and deaths of 
waves. 

As far as the ability of a synfire wave to maintain its 
temporal coherence is concerned, this was always found 
to be the case as long as a wave maintains its strength, 
i.e. the number of neurons participating in the wave 
per pool visited. Whilst the dispersion of a wave tends 
to fluctuate moderately due to noise, when a wave dies 
out it is due to an erosion of the strength of the wave 
rather than to a major loss of temporal coherence, al-
though at times when the wave is more dispersed it 
is more vulnerable to a loss of strength. So although 
temporal coherence is subtly coupled to strength main-
tenance, the latter is the primary issue in determining 
the stability of wave propagation. This helps justify the 
birth/death process view outlined next, which ignores 
the issue of temporal coherence. 
4.1 Fluctuations in Number of Waves 

Viewed as a Birth/Death Process 
Before describing the various regimes which have been 
observed I will discuss one of the main ideas of this 
paper that helps in understanding the observations. It 

Australian Journal of Intelligent Information Processing Systems Autumn 1998 



58 

is proposed here that wave propagation be modeled as 
Markov chain, and that doing this allow us to model the 
fluctuating number of waves as a stochastic birth/ death 
process. 

For simplicity we revert to a coarse discretization of 
time as a way of bypassing the issue of te!'Jlporal coher-
ence of a wave so as to focus purely on the maintenance 
of its strength. We assume that both the temporal 
width of a wave and the pool-to-pool propagation time 
are equal to the discrete time unit, which may be taken 
to be 1ms. We then have precisely p possible locations 
for waves, each location moving from one pool to the 
next ""'vh time step . 

Call the state of each such moving location its 
strength m(t) (0 ::; m ::; n). The stochastic evolution of 
this state is a Markov chain where the transition prob-
ability matrix P(m(t), m(t + 1)) is obtained from the 
binomial distribution governing n independent events 
each with probability 1r(m), this being the probability 
that a neuron in one location will fire given that m 
neurons fired at the previous location. Hence 

(n) I I 

P(m, m') = \.m' 1r(m)m (1- 1r(m)t-m (1) 

The function 1r(m) is used by [1] and [5] to charac-
terise synfire transmission. For reliable transmission it 
should be sigmoidal in shape, close to 1 if m is close 
to n , close to 0 if m is close to zero. This will lead 
to a Markov Chain which is bimodal in the sense that 
the state will spend most of its time either close to n, 
meaning a wave is present, or close to 0, meaning a 
wave is absent . When this is the case, we say we are in 
the synfire wave regime. This is essentially the same 
as saying that we are within the storage capacity limit 
on hp. 

The function 1r(m) will depend on the number of 
w ::-.YPS in the system (h), due to several effects to be 
discussed shortly, the most important of which is the 
dist ribution of the potential due to the crosstalk. 

Now by a standard technique in the theory of Markov 
Chains, from the transition matrix we can obtain 
T( m, m') which is the expected time for the system to 
first encounter the state m' after starting in state m. 
Since in the synfire wave regime, if a wave is present 
the state n will soon be encountered, whilst if it is ab-
sent, the state 0 will soon be encountered, to a good 
approximation T(n, 0) will give the lifetime of a wave 
(how long we wait until a death) whilst T(O, n) will 
give the 'deathtime', that is, how long we will have to 
wait until a birth. Of course these quantities depend on 
the number of waves present, which is changing. How-
ever , their in verses can be interpreted, respectively, as 
the probability per unit time of an existing wave dying 
and that of a hitherto absent wave being born. Hence 
we can get the following expressions for the birth rate 
,\ and the death rate p, for the system as a whole: 

>-.(h) (p- Rh)/T(O, n) (2) 

~ pfT(O, n) 
p,(h) h/(T(n, 0) 

(3) 
(4) 

We are saying here that there are h candidates for 
death and (p - Rh) candidates for birth. R repre-
sents the effect of the refractory period and the self-
inhibition of pools which means that the R - 1 pools 
most recently passed by a wave as well as the pool 
carrying the wave itself are not candidates for births. 
From the simulations an R of about 5 or 6 is typical. 
The approximation comes about because we cannot be 
in the synfire wave regime unless h ~ p. 

This defines a birth/death process, at which level 
of abstraction the state of the entire system is defined 
simply by h, the number of waves present, with ,\(h) 
and p,(h) giving the probability per unit time of the 
system making a transition to h + 1 or h- 1. 

In sum, when we are in the synfire wave regime the 
system can be modeled as a birth/ death process. How-
ever , it is possible that the birth/ death process itself 
will take the system out of the synfire regime. 

There is not sufficient space in this paper to discuss 
the form of 1r(m) fully, but it is comprised of three 
terms for the three disjoint possibilities (i) that the 
neuron in this particular location is unable to fire be-
cause it also appeared in another location which was 
one of the R locations most recently visited by a wave; 
otherwise (ii) that a neuron in a particular location 
fires simply because it also appeared in another lo-
cation where a wave was arriving; otherwise (iii) the 
neuron will fire according to the probability that the 
potential exceeds threshold when we add the effect of 
the m inputs from the previous pool to the potential 
distribution set up by crosstalk. 

Only term (iii) depends on m . Roughly speaking, 
the effect of the m inputs is to shift the distribution 
of the potential to the right, increasing the area above 
the threshold. Hence a bell-shaped potential leads to a 
sigmoidal contribution to 1r( m) . (This way of obtaining 
the form of 1r(m) is given in [1] .) 

As the number of waves present in the system in-
creases, so does the crosstalk. This will increase the 
width of the potential distribution, reducing the sharp-
ness of the wave/non-wave distinction, and reducing 
T(n , 0) and T(O, n) . As h gets too high the system 
will gradually move out of the synfire regime. The 
birth and death rates will increase and the proportion 
of time spent in transition between wave and non-wave 
states will increase. 

However, because of the factor of h in eqn ( 4), we 
can plausibly expect p,(h) to increase more rapidly than 
,\(h), so that at high h the death rate exceeds the birth 
rate. Hence the number of waves will fluctuate around 
some equilibrium h where p,(h) =>.(h). Indeed , if we 
assume that T(O, n) and T(n, 0) are both proportional 
to a power law of the crosstalk, which is itself propor-
tional to hp, then this equilibrium h is proportional 
to the storage load p. Thus only at sufficiently low p 
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can we expect the system to stay in the synfire wave 
regime. 
4.2 Observed Regimes of Activity 
The concepts outlined above are very helpful in under-
standing what is actually observed in the simulations. 

We find, at low h, (say, 0 to 5 waves) that wave 
propagation is very stable, so that even over a very 
long run no births or deaths are observed. 

If the storage loading is quite low (e.g. p = 500) 
then when a larger number of waves is initiated, the 
number of waves will be gradually eroded about 7 ± 2 
waves remain, the fluctuations being only occasional. 

At higher loadings (p = 1000), if more than about 5 
waves are initiated, then an excess of births over deaths 
will quickly take the system to a state of rapid fluctu-
ations at 20 ± 5 waves. 

At still higher loadings (p = 2000) the synfire wave 
regime begins to break down. Perhaps only around 
15 ± 5 waves are clearly present, but a significant frac-
tion of the pools are occupied by transient, partially 
formed waves. The total amount of activity fluctu-
ates, and sometimes, after a particularly big surge, or 
if too many waves are put into the system initially, the 
overall rate of activity will drop sharply, leaving only 
a small number of waves remaining. This behaviour 
is clearly not compatible with the birth/death process 
description. It indicates that the system has left the 
synfire wave regime, but it cannot sustain activity in a 
"rate-coded" manner without the assistance of synfire 
propagation, so the activity drops until it re-enters the 
synfire wave regime. 

At even higher loadings, this is no longer the case: 
synfire wave propagation gives way to apparently inco-
herent firing across the network. 
4.3 Synchronisation Between Waves 
Simulations were also conducted to try to reproduce 
the phenomenon reported in [2], where two synfire 
chains are coupled by inter-chain links. They found 
that waves would synchronise because the EPSPs from 
the more advanced wave would raise the membrane po-
tential of of the neurons in the path of the lagging wave. 
As a result, these neurons reach the firing threshold 
earlier, and the speed of propagation of the lagging 
wave is increased, leading to synchronisation. 

The issue here is whether the same phenomenon can 
occur in a network which is a supeq)osition of synfire 
chains. The presence of crosstalk, and the reduction of 
the effective time constant of the neuron, is lik~ly to 
interfere with the above process, because the neurons 
will "forget" the signal they received from the advanced 
wave. 

This does indeed appear to be the case. If hp is suf-
ficiently low (e.g. p = 200 and only two waves present) 
the speed-up effect isobserved, provided the initial off-
set between the two waves is small enough At higher 
levels of crosstalk, no speed-up is observed. In fact, 
we soon start to get "cross-activation" in which the 
advanced wave causes neurons on the other chain to 
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fire in synchrony with it. This is sometimes observed 
to slow down the retarded wave even more, because it 
now encounters refractory neurons in its path. The ad
vanced wave will in fact tend to start up a wave on the 
other chain in synchrony with it. 

However, if waves are already synchronised then 
crosstalk will not disrupt this. 

5 Concluding Remarks 
We find that Bienenstock's proposal should work well 
for realistic neural models that incorporate the ef-
fects of reversal potentials, because at high levels of 
crosstalk such neurons effectively become coincidence 
detectors, thus avoiding the accumulation of crosstalk 
which would otherwise be detrimental to the storage 
capacity. 

Providing we are within the storage capacity limit, 
the system can be modeled as a birth/death process, 
which will in turn determine whether the number of 
waves will remain within this limit. Otherwise the 
birth/death process model won't apply. The simula-
tions illustrate the various possibilities. 

The synchronisation of waves on coupled chains is 
found to be very sensitive to the crosstalk: it is only 
observed in 'quiet' conditions where hp is small. 
5.1 Appendix: Effect of crosstalk 

on membrane time constant ·and 
crosstalk accumulation 

Assume the crosstalk causes the net conductance of excitatory 
and inhibitory synapses to fluctuate around mea.n values, so 
9e(t) = Be + S9e a.nd g;(t) = B; + 89;. Insert these into the 
differential e:R}a.tion governing a leaky integrator with reversal 
potentials CTt =-go V -ge(V- V .. )-9;(V- V;) a.ndput it into 
the form C!i)f = -Bnet(V- Veq) +fluctuations. The time con-
stant is thus decrea$ed from To = C I 90 to T ef 1 = C I 9net where 
9net = 90 +Be + Bi, and the equilibrium potential is shifted from 
0 to Veq where Veq"" (;g., Ve + Ui V;)l9net• 

Since Be a.nd Bi are proportional to 11, the rate of crosstalk, 
a.t high rates "eff oc 11-1 . If we approximate the accumulation 
of crosstalk as an Ornstein-Uhlenbeck process, then its variance 
will be proportional to IITej 1 1 and so remain below a limit as 11 

becomes large. 
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